Human-driven alterations to freshwater ecosystems are leading to a global decline of river function and biodiversity. In our experience, managers want to be given many possible options to restore freshwater ecosystems that are workable within spatial, temporal, operational, and budgetary constraints of the system. Correspondingly, a new field for systematic river restoration planning has emerged through the use of well-established systems design concepts like multi-objective optimization and tradeoff analysis. In this article, we propose a decision framework for systematic river restoration planning where economic-environment systems design and tradeoff analyses are employed as a concurrent planning procedure before restoration interventions are implemented. Heuristic optimization and multi-criteria decision analysis methods are proposed to systematically design and objectively evaluate non-dominated economic-environment tradeoffs associated with restoration strategies within a watershed, and to provide a short-list of viable restoration alternatives to decision makers for negotiation and implementation. The proposed framework has the capacity to make science-based information and sophisticated decision support methods available for stakeholder deliberation. To illustrate the phases of the framework, we use a published case study of systematic restoration planning in South East Queensland, Australia.
Introduction
The worldwide degradation of river ecosystem function and freshwater biodiversity (Strayer and Dudgeon, 2010) has led to the development of restoration strategies, which aim to rehabilitate the physical structure and ecological function of river ecosystems. The field of ecological river restoration has been comprehensively reviewed (USNRC, 1992; Palmer et al., 2014) and awarded substantial government funding Brooks and Lake, 2007 ). Yet criticisms of the practice of ecological river restoration are extensive. Scientific concerns include the scale of restoration projects, many of which are very local and restricted to river reaches with easy land access (Wohl et al., 2005; Beechie et al., 2010) . Additional concerns are the failure to select functionally important ecological processes that contribute to successful restoration Palmer et al., 2010) and a lack of postrestoration monitoring to evaluate success Roni et al., 2008) . More general critiques include claims that integrated methods for planning restoration projects are under-utilized (Hermoso et al., 2012) and that philosophical approaches to restoration fail to consider key interactions (e.g., socio-economic, -environmental, -biological) to more comprehensively inform decision makers on how to evaluate restoration options (Hermoso et al., 2015) .
Historically, decisions to implement river restoration were performed using ad hoc planning approaches where many different sources of information were gathered to develop actionable strategies with independently predicted outcomes (Hermoso et al., 2012) . To account for this and other criticisms referenced above, planning for river restoration is becoming increasingly structured and systematic. Systems thinking approaches have emerged to better facilitate decisions to "wicked" (Rittel and Webber, 1973) resource management problems, which are characterized by competing stakeholder values, conflicting data requirements and metrics, spatio-temporal factors, and disagreement or incomplete knowledge on methodological assumptions. A compendium of frameworks are described for conceptualizing economic-environment interactions using systems thinking (Binder et al., 2013) , and for including economic-environment interactions in resource management scenario planning (Munda et al., 1994) . Others approach environmental systems analysis by developing generic but reproducible decision-making frameworks (Failing et al., 2013) . Box 1 gives a general outline for planning approaches that address complex Ecological Economics 127 (2016) [146] [147] [148] [149] [150] [151] [152] [153] [154] [155] environmental systems situations, which requires stakeholder involvement, understanding the dynamics and dependencies of social and ecological factors, development of cause and effect models to evaluate systems, and cyclical group learning.
Two complementary concepts in environmental systems analysis are seldom specified in a general decision support process but are noteworthy advances to progress the field of ecological river restoration. First, the principle of Pareto efficiency claims that decisions to enact change cannot make one party better off without making others worse off. This classical economics concept was used by Koopmans (1951) to mathematically analyze multi-objective choice problems. This was an important milestone to grow the field of multi-objective optimization, and it enabled the expansion of integrated methods to perform concurrent mathematical operations on many disparate cause and effect models. Modern approaches to artificial intelligence have aided growth in this field. Today, computer systems can use algorithms or heuristics to efficiently search through the space of feasible management consequences (i.e., geometric hyperplane where multiple management objectives are mutually satisfied) to find a set of so-called Pareto-optimal or nondominated management consequences.
Dominance is bound by the logic that alternatives can be compared to one another using analytical methods such that less desirable alternatives can be eliminated from the decision situation and, as a result, preferred options are identified. The term non-dominated is used to refer informally to the fact that there exists a set of alternative consequences that trade off the desired performance effects of the management objectives, in other words, there is no solution from which the heuristic optimization solver can move toward which performs better for all objectives. Fig. 1 gives a simple example of how the Pareto efficiency principle may be applied to river restoration for multi-objective watershed management via restoration.
An important purpose of Koopmans' translation of the Pareto efficiency principle was to influence the design of resource management alternatives mathematically based on problem dimensions (i.e., continuous space between the upper and lower bounds of the objectives and constraints) without requiring social value orientations from decision makers (Goicoechea et al., 1982) . In this sense, decision makers are encouraged to be involved in developing analytical models for the management objectives, but they don't pre-constrain the problem to a degree that only a limited set of management alternatives are feasible. This is an important approach to difficult watershed management problems because in our experience decision makers want to be presented with many feasible tradeoffs that are workable within spatial, temporal, operational, and budgetary constraints of a system, and they may not know what those options are without the support of systematic analytical models and advanced computer programs.
The second advancement that complements the Pareto efficiency principle is tradeoff analysis, which aims to investigate the tradeoffs among management consequences to find preferred or better options for stakeholder negotiation and implementation. The well-established domain of methods for multi-criteria decision analysis (MCDA) is specialized to perform systematic tradeoff analyses based on comparing discrete non-dominated options. Belton and Stewart (2002) distinguish three broad categories of methods for MCDA that vary by how they perform tradeoff evaluations: valuation, interactive, and outranking. A distinct characteristic of methods for MCDA is they all allow measures of relative importance (i.e., weights) of management objectives to motivate the tradeoff analysis, which is largely based on stakeholder preference orientations and/or expert opinions.
Valuation methods like the simple multiattribute rating technique (Edwards, 1977) and the analytic hierarchy process (Saaty, 1990) develop a comparable measure of value for each viable alternative. Weighted average models are used to estimate a utility or value function for each alternative, and a dominance relationship is established where alternatives are either more valuable than others (i.e., utility function scores are different among the set) or are indifferent to others (i.e., utility function scores are the same among alternatives). In contrast to valuation methods, interactive or "satisficing" (Simon, 1956) methods like compromise programming (Zeleny, 1973) use heuristic procedures to rank options in order of their desirability. Instead of establishing a value function, it is believed that a dominance relationship can be established that satisfies the constraints of the problem or are good enough for decision making. A way to elucidate this information is by incorporating aspiration levels, defined as specific performance effect values associated with desired or acceptable levels of the management objectives, into the tradeoff analysis. These models enrich our understanding of the dominance relationships among management tradeoffs without transforming the meaning of each alternative into a value. Outranking methods are especially useful when the underlying complexities of the problem are poorly understood. Traditional outranking methods like ELECTRE (Figueira et al., 2013) compare alternatives in pairs with emphasis on strength of evidence that one alternative is preferred over another.
In this article, we propose to incorporate the Pareto efficiency and tradeoff analysis concepts into a decision framework for systematic river restoration planning. The proposed framework combines modern planning tools like heuristic optimization and MCDA to inform a decision making process that is employed prior to implementing restoration interventions. We review the progress of ecological restoration in the literature relative to the framework, and we elucidate its potential value to inform decision making with an illustration that draws on General steps in environmental systems analysis to support resource management decision making using river restoration as an example published work for spatial restoration planning in South East Queensland (SEQ), Australia (Hermoso et al., 2015) .
Methodological Framework
A proposed decision framework for systematic river restoration planning is described as a process occurring in a social-scientific context with elements of hierarchical planning phases along with feedback loops (Fig. 2 ). In the agenda setting phase, stakeholders, facilitators, and environmental systems analysts convene to share ideas, perform a structured conceptual analysis of a local restoration decision situation, and to agree on planning goals. The group identifies important and measurable performance objectives that are linked to the area of interest. Possible land use types and parcel locations where restoration interventions may be implemented are identified to bound the planning context. This early phase is undoubtedly the most challenging because many pre-planning decisions and focus group meetings are required to guide the development of scientific information, data, and models that may be used in later phases of the framework. Problem structuring techniques like DPSIR (Yee et al., 2015) help to guide this process.
The Pareto design phase is performed to systematically model non-dominated restoration alternatives. Predictive cause and effect modeling platforms for the restoration objectives are used to quantify potential hydro-ecological or other metric-related restoration responses (Reichert et al., 2007) based on implementing a restoration activity.
Traditionally, the development of non-dominated alternatives was performed with ad hoc methods. A popular method was to manually vary the problem parameters between upper and lower feasible objective performance effect values to unravel a non-dominated set of alternatives (David and Duckstein, 1976) . A second popular method was to manually vary the vector of relative importance weights assigned to each objective (for an example using a combination of the two methods, see Goicoechea et al., 1976) .
Quantitative derivation of non-dominated alternatives has become easier with modern computing. Metaheuristic optimization models (e.g., genetic algorithms, neural networks, simulated annealing) among other combinatorial simulation and optimization methods allow for many different linear or non-linear predictive models to be integrated as decision levers in iterative searches over numerous feasible objective performance combinations that each satisfies the problem constraints. By using these tools, a set of non-dominated alternatives may be converged for systematic watershed management (for reviews, see Labadie, 2004; Nicklow et al., 2010; Reed et al., 2013) . Results are typically communicated in graphs that show the tradeoffs in economic-environment condition linked to each alternative that is kept from performing the iterative search procedure (Fig. 1) .
The aim of the evaluation phase is to identify a sub-set of priority restoration alternatives that is transparent and meaningful for stakeholder deliberation. Here, MCDA and related procedures are performed on the measured outcomes from the Pareto design phase that filters the set of non-dominated restoration alternatives to a smaller, condensed short list of the most preferred alternatives that decision makers may deliberate among to make informed restoration decisions. The process may be performed as a preferencedriven tradeoff analysis using stakeholder-derived or simulated relative importance weights inside a MCDA model, which skews the search for preferred alternatives. Alternatively, MCDA models may be used in a preference-neutral analysis with equal or no relative importance weights, which seeks preferred alternatives that effectively balance the management objectives. Without direct stakeholder interaction, performing a preference-neutral tradeoff analysis solely with the measured outcomes of the Pareto design phase (i.e., performance effect tradeoffs for each non-dominated alternative) is a more objective manner for prioritization. Many case studies have used these techniques for prioritizing sets of restoration options (see Table A .1; for a review of case studies in water resources management, see Hajkowicz and Collins, 2007) including the illustration presented in this article.
Understanding the opportunities for decision making and negotiating restoration implementation is a final step of our framework. This is loosely defined as an exercise of disseminating relevant results of the Pareto design and evaluation phases directly to stakeholders. New knowledge (i.e., sensitivity analysis, uncertainties, feedback) is incorporated via direct decision maker interaction so that the planning assessment can be improved in an adaptive learning cycle prior to on-the-ground restoration implementation. Many current river restoration case studies suffer from insufficient monitoring and lack of foresight for changing environmental indicators and adaptation planning (Bernhardt and Palmer, 2011) , and it is beneficial to require sensitivity analyses that incorporate, for example, alternative measures of climate change uncertainty or financial risk (Herman et al., 2014) for predictive model development. The proposed framework aims to address foreseeable complications in the planning process by incorporating sensitivity information and allowing social preferences to be included prior to implementing restoration strategies.
Illustration of the Framework
We reviewed the progress of structured decision-making methods for ecological river restoration using the primary literature (Appendix A) and found that case studies incorporating Pareto design of restoration alternatives into objective MCDA and sensitivity tradeoff evaluations are rarely used in the field of restoration planning. Based on this, an illustration combining these steps of the framework was desired. To show the value of moving a restoration planning problem through the steps, agenda setting and Pareto design methods and results from a recently published article (Hermoso et al., 2015) were complemented with objective MCDA tradeoff evaluation and sensitivity analysis phases in the article herein. In this section, we describe this process and provide insights on how tradeoff information associated with many possible restoration alternatives may be used for stakeholder deliberation and policy implementation.
Study Area and Agenda Phase
The Hermoso et al. (2015) case study was performed in the upper Bremer River catchment, which is a tributary of the Brisbane River in SEQ, Australia (Fig. 3) . Restoration is especially needed in this area given that SEQ is experiencing rapid population growth and subsequent modifications and impacts to freshwater ecosystems. Approximately two thirds of the native vegetation has been cleared since European settlement, and grazing currently occupies more than 35% of the region. Non-urban sediment loads, mainly from gully and channel bank erosion, have been identified as a cause of poor water quality and aquatic ecosystem health in freshwater and estuarine/marine systems of the region (Olley et al., 2014) .
In the agenda phase of the planning project, three main objectives were determined for the catchment from a collaborative needs assessment with SEQ Healthy Waterways Partnership, a local not-for-profit organization which aims to improve the condition of regional waterways, and SEQ catchments, an entity that conducts rehabilitation work in the catchments and works closely with the local communities. The objectives pursued by the project are important for long-term socioenvironmental system health and include: i) maximizing the reduction of sediment loads throughout the catchment, ii) maximizing ecological health of important catchment waterways, and iii) minimizing the socio-economic impact (i.e., commercial development) from locating restoration interventions on viable land use parcels (Fig.3) throughout the catchment. Details on how the restoration objectives and predictive models were developed are provided in Hermoso et al. (2015) .
Pareto Design Phase
An iterative Pareto selection method called multi-objective simulated annealing (MOSA) was used to iterate multiple combinations of restoration interventions on catchment parcels. Each feasible restoration alternative tested during the MOSA procedure computed a unique combination of interventions (type and level) and their spatial allocation on pre-determined land use parcels throughout the catchment, measured the predicted restoration response of an objective at the parcel, and routed the cumulative (i.e., additive) responses from each parcel through the linked catchment network to the outlet where a single downstream response for each objective was estimated. The process filtered out non-dominated restoration candidates within given constraints (e.g., budget, landholder willingness), where the cumulative restoration response values or tradeoffs of objectives associated with one alternative are compared to alternatives developed at previous iterations to check that they are not better or worse than others. For demonstration purposes, all potential restoration alternatives were constrained to a maximum budget of AUD $1 Million to maintain a realistic budget. Fig. 4 . Non-dominated restoration alternatives for the upper Bremer River catchment as optimized by Hermoso et al. (2015) . Each point corresponds to a unique set of spatially-distributed restoration interventions throughout the catchment. The cumulative objective performance effects have been scaled to 0-1 based on a fuzzy distance metric (linearly scaled data shown; see Fig. 5a ). Fuzzy compromise programming was performed on the complete set of alternatives based on the closeness of a point to an ideal but non-feasible reference point in multidimensional coordinate space (a) (Section 3.3). Two clusters were developed to establish complementary sub-sets of restoration alternatives that traded off cumulative benefits in the objectives, and a similar fuzzy compromise programming approach was performed on the clusters through specification of near-ideal reference points (b) (Section 3.4).
The MOSA process resulted in evaluating tens of thousands of feasible scenarios. For each scenario, a convergence graph was generated based on the proximity of the solutions within the feasible set. The annealing process tended to converge as the number of iterations increased, and indicated that a set of 566 non-dominated restoration alternatives were found ( Fig. 4 ; scaled data shown) (Hermoso et al., 2015) . Each alternative that was kept recorded a different spatiallydistributed set of restoration interventions at relevant land use parcels throughout the catchment. The spatial location of interventions for each alternative was logged for future stakeholder deliberation (i.e., spatial analysis). The cumulative response of the alternatives in the catchment traded off sediment load values with ecological health values. Restoration interventions to improve ecological health throughout the catchment resulted in a higher socio-economic impact on the productivity of un-restored land use.
The conflicting tradeoff between sediment load and ecological health (Fig. 4) was a result of pre-determining suitable implementation strategies for the objectives in the catchment (Hermoso et al., 2015) . It is unclear whether long-term data and future MOSA iterations would change these inverse relationships, but the ecological sciences inform that sediment loads may have a more positive relationship with instream ecological health indices over the long-term (Wohl et al., 2015) .
Evaluation Phase
The set of non-dominated restoration alternatives is too large for a meaningful tradeoff evaluation using the outranking methods for MCDA. Likewise, stakeholder values were not directly involved in this case study illustration, and we refrained from establishing utility or value functions for the alternatives. Therefore, we determined that an interactive MCDA method for fuzzy compromise programming (FCP) (Bender and Simonovic, 2000) was the most appropriate tradeoff evaluation tool. We used FCP in conjunction with an objective cluster analysis to rank the set of non-dominated tradeoffs from the MOSA results. The original compromise programming method (Zeleny, 1973) was based on visualizing non-dominated alternatives as a multi-dimensional dataset and finding points with objective performance values as close as possible to an ideal but non-feasible reference point. The ideal point is generally considered to be the best achievable value for each management objective in the nondominated set. In the case study, this is equivalent to seeking to maximize ecological health, minimize sediment loads, and minimize opportunity cost.
The FCP algorithm uses the family of distance metrics L p to rank the multi-dimensional dataset of alternatives a i with objective performance values z j . The following problem formulation was used to rank the alternatives:
for alternatives i = 1,…,n; objectives j = 1,…,m where p is a distance norm; w j is the relative importance weight of the objective; z j is the objective value of ith alternative; z j ⁎ is the highest achievable objective value; and z j ⁎⁎ is the lowest possible objective value. The Euclidean or least squares distance norm (p = 2) was preferred because we wanted the deviations from ideal to be weighted in proportion to their magnitudes.
Sensitivity Analysis
We performed a sensitivity analysis based on development of two decision viewpoints: i) a preference-neutral evaluation based on performing FCP ranking on two fuzzy sets of the non-dominated alternatives, and ii) an analysis based on clustering the fuzzy sets and performing FCP ranking on each cluster.
Establishing Two Fuzzy Sets Through Aspiration Levels
The raw multi-dimensional dataset of objective performance values was scaled into two fuzzy sets of numbers for two reasons. First, the ecological health values were less differentiated than the other objectives from the MOSA results (Hermoso et al., 2015) . Second, it was desirable to incorporate varying aspiration levels as they related to satisfactory watershed management. The first fuzzy set was developed using normalized distance measures that linearly scaled each raw objective performance value into a fuzzy membership function P(D) between 0 and 1 (Fig. 5a) . The scaled data represented the proportion of the highest achievable cumulative objective response in the catchment and maintained differentiation. With this linear fuzzy set, we presumed that decision makers want to set baseline aspirations for ranking alternatives that balance the highest ecological health value, lowest sediment load value, and lowest opportunity cost value.
The second z-shaped fuzzy set was calculated based on simulating different hypothetical stakeholder aspiration levels for the objective performance values in the catchment (Fig. 5b) . Here, we presumed that stakeholders do not expect to attain the highest achievable performance outcome with the restoration strategies. Rather, they may agree on different aspiration levels for the restoration objectives based on expert knowledge of the watershed and on investigating the MOSA results. To illustrate, catchment sediment loads for the non-dominated alternatives varied between 5322 tons/yr (lowest) and 2729 tons/yr (ideal) (Hermoso et al., 2015) . Two indifference thresholds were specified for sediment where a cumulative load of 3000 tons/yr or less was determined to be the aspiration level (a), loads above 4500 tons/yr were determined undesirable (b), and loads in-between were linearly normalized based on their distances from these values. Similar determinations were made to ecological health (a = 49.26 units, b = 48.765 units) and opportunity cost (a = AUD $100, 000, b = AUD $500, 000). Setting these aspiration levels effectively incorporates more uncertainty into the evaluation.
Ranking the Two Fuzzy Sets
The first ranking of each fuzzy set was performed using equal importance weights, which yielded a preference-neutral decision viewpoint among the 566 non-dominated restoration alternatives. The ideal reference point to compute a preference-neutral ranking for both fuzzy sets is equivalent to coordinate 1,1,1 in Fig. 4a . To provide a different decision viewpoint, the two fuzzy sets were clustered by using the K-means clustering algorithm (MacQueen, 1967) . K-means was used to organize the scaled data into clusters based on minimizing the squared difference between the empirical mean of each cluster and the alternatives inside the cluster. The dataset depicted two distinct regions of restoration tradeoffs: i) a region of alternatives with better ecological health values but less favorable sediment load and opportunity cost values, and ii) a region of alternatives with better sediment load and opportunity cost values, and less favorable ecological health values (Fig. 4b) . Based on this, two clusters were specified with the aim of providing competing sets of restoration options for stakeholder deliberation.
After performing the cluster analysis, Linear Cluster A (shown in Fig. 4b ) included 278 restoration alternatives and z-shaped Cluster A (results not presented) included 291 alternatives with better ecological health values but poor sediment load values throughout the catchment, and they incurred the highest opportunity costs for commercial land development on the parcels chosen for each alternative. By contrast, Linear Cluster B (shown in Fig. 4b ) included 288 alternatives and z-shaped Cluster B (results not presented) included 275 alternatives that represented the lowest catchment sediment loads and low opportunity costs but poor ecological health values. FCP iterations were performed on the four clusters of scaled alternatives with characteristically similar tradeoffs in the objectives. Sensitivity iterations performed on the clusters had different z j ⁎ and z j ⁎⁎ values and, as a result, different near-ideal reference points were used for ranking each cluster (Fig. 4b) .
Opportunities for Decision Maker Negotiation
The highest ranked plans for each FCP iteration are considered priorities for decision maker negotiation (Tables 1-2 ; top 8 plans shown). Important information can be gleaned from investigating the tradeoffs among the highest ranked plans, which provides useful information to deliver to stakeholders for negotiating the choice, implementation, and monitoring of specific restoration interventions. Therefore, the following limited discussion is meant to communicate the distinctions made between the tradeoffs in the highest ranked restoration alternatives using Tables 1-2. Upon inspection of the preference-neutral results for both fuzzy sets, we determined that the top two ranked restoration alternatives, numbered 185 and 186 in Tables 1-2 , are equally important priorities to catchment restoration that decision makers should deliberate among. We make this determination for several reasons. First, they are comparable options of different spatial distributions of interventions on different land use parcels. Both alternatives reduce sediment loads throughout the catchment equally. The highest ranked alternative provides a lower opportunity cost than the second highest ranked. However, the difference in ecological health scores between these two is the cause of the FCP algorithm ranking one alternative slightly higher than the other. Since the tradeoffs were too close to determine which alternative was better, we determined that both are equally important priorities that decision makers should use in deliberation. This trend does not follow to the third ranked alternative, 226 in Table 1 and 187 in Table 2 , because the tradeoffs among the restoration objectives become more distinct. Considering the tradeoffs further would infer that sediment load or opportunity cost was more important in the catchment than ecological health and would be a disservice to this preferenceneutral sensitivity evaluation.
Regarding viewpoints toward improved ecological health (Cluster A) and sediment load reduction (Cluster B), distinctions in the tradeoffs are apparent after the first two or three alternatives in the ranking. For example, the second ranked alternative in Linear Cluster B, numbered 217 in Table 1 , is considered a priority alongside the highest ranked alternative, 216, because it reduced opportunity cost in slight proportion to the loss in ecological health in the catchment. Tradeoffs in the next ranked alternatives were more distinct, yielding significantly lower sediment loads and opportunity costs while benefiting ecological health values in the catchment. Since Cluster B alternatives are directed toward reducing sediment load and opportunity cost, these ranked alternatives are likely undesirable candidates for decision maker deliberation in this context. To summarize the results from the sensitivity analysis on the clusters, we determined that two restoration alternatives, 419 and 296, were the preferred compromises for implementing restoration interventions that may improve ecological health and, in contrast, reduce sediment loads because they ranked highly for both fuzzy sets.
This limited tradeoff evaluation is a key step in our framework and the broader systematic planning process. By reducing the large number of non-dominated alternatives to a sub-set of two or three preferred alternatives using the FCP process, advantageous information may be provided for post-hoc project-specific deliberation, raw data evaluation, and spatial analysis of the alternatives by decision makers. To caveat the illustration, this tradeoff evaluation was performed without stakeholder-assigned measures of relative importance, which makes our results more objective than ones that assign weights to the management objectives.
Future Research Directions
In this article, we developed a theoretical and methodological foundation for the systematic design and objective evaluation of non-dominated alternatives for ecological river restoration planning. Following a goal of incorporating empirical ecological and socio-economic research and models into multidisciplinary decision support methods, the proposed decision framework (Fig. 2 ) and illustration described in this article can be used as a template for systematic river restoration planning around the world. We expect the framework to inspire multi-objective ecological river restoration studies that aim to deliver technical but transparent planning materials to decision makers regarding the design and evaluation of economic-environment restoration tradeoffs.
The raw information on the non-dominated restoration alternatives and the spatial locations of restoration actions for each alternative could have been delivered to the stakeholders who contracted the work performed in Hermoso et al. (2015) . However, this would have complicated the selection of alternatives because the design model converged on 566 different restoration options. Yet we provided a transparent and objective evaluation of the information with development of an approach for combining Pareto design with formal MCDA tradeoff evaluation using the proposed decision framework. In effect, we organized and filtered the tradeoffs so that stakeholders can deliberate among the most preferred (i.e., top two or three highest rank) options to make more balanced restoration decisions at the catchment scale. Although the opportunities and negotiation phase of the framework was performed without direct stakeholder interaction, the methods and sensitivity analysis presented herein are useful for carrying out similar decision support processes on other restoration planning problems in a systematic and objective manner, and to deliver those results for post-hoc stakeholder negotiations.
The illustration is an example of how the described framework may be used and it worked well because a related case study was previously performed in Hermoso et al. (2015) with sufficient data and published predictive models for the restoration objectives. If data availability is a limitation, appropriate measures for uncertainty should be incorporated so that all relevant objectives are included prior to the analysis (Failing et al., 2013) . Predictive models that use ecological process-based inputs and parameter estimates will guide science-based restoration and accordingly inject defensible ecological understanding into the decision making process. Stakeholder preferences on the design model parameter estimates were incorporated in the case study described (Hermoso et al., 2015) , but not in the tradeoffs evaluation. Changing economic-environment indicators were not simulated in the predictive models because catchment-specific information was not available. Incorporation of these measures into the described framework may be important to the emerging field of multi-objective robust decision making (Herman et al., 2014) .
Including a cluster analysis in the sensitivity iterations worked well for the case study illustration because the dataset was highly correlated (Fig. 4) . We aimed to provide an alternative decision viewpoint for decision maker deliberation, but cluster analysis is not a requirement to follow the proposed decision framework. A similar method has been performed on a number of published datasets of non-dominated alternatives (Martin, 2015) , which concluded that additional multivariate techniques are required to sort through complex multi-dimensional datasets. Likewise, specification of clusters may be difficult for problems of high dimensionality. In decision situations, seeking clusters is dependent on stakeholders having to consider competing sets of objectives (in our case: ecological health vs. sediment load benefits). It was believed that identifying more clusters would weaken this assumption and would likely confuse stakeholder deliberations.
The effectiveness of implementing restoration alternatives is beyond the scope of the article. In general, we aimed to provide a short list of preferred restoration alternatives as deliberation points prior to implementing restoration interventions. Systematic procedures to review the details of preferred restoration alternatives for compliance risks (Thorne et al., 2015) may be of interest to state or federal agencies to guide on-the-ground implementation and adaptive management.
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